In this paper we propose a novel demand side management method for minimizing the cost of electricity consumed by households from a smart community. Some households in the community may own renewable energy sources (RESs) and energy storing systems (ESSs). Other households in the community may own ESSs only, while the remaining households are pure energy consumers. The RESs and ESSs owning households can individually optimize their costs by using their available storage spaces and renewable energy production. In this paper we propose a collaborative model in which the RESs and ESSs owners may minimize their costs by exchanging energy and sharing the produced renewable energy and energy storing spaces. They also sell energy to the plain energy consumers at a lower price than that offered by the utility company. We model the collaborative cost minimization as a constrained optimization problem that may be solved as a linear program. Simulation show that the proposed collaborative method may reduce the RESs and ESSs owners' costs by 12 to 50% in comparison to performing individual optimization. The pure energy consumers can also reduce their costs by about 7-8% in comparison to the case of buying all needed energy from the utility company.
INTRODUCTION
Demand side management operations for reducing electricity consumption costs or load peaks on the grid can be performed efficiently using energy storing systems (ESSs). ESSs can also be used in conjunction with renewable energy sources (RESs) for storing the renewable energy surplus and thus offering increased reliability of renewable energy production. Collaborative methods for energy trading and sharing at distribution level can improve the integration of renewable energy within the power grid, but also provide cost reductions for the participants in the collaborative method.
Cooperative methods for energy trading have been studied in [1] [2] [3] [4] [5] [6] [7] [8] . Cooperation between microgrids using methods based on Nash bargaining theory have been studied in [1] and [2] . In [3] an approached for power control within a network of microgrids has been proposed. A prospect theoretic based static game has been proposed in [4] for energy trading among microgrids. One noncooperative game and one cooperative game have been proposed in [5] for energy trading among users that own distributed energy generators and storages. A cooperative game for balancing a community's load has been proposed in [6] . Coalitional game theoretic approachers for energy sharing among households have been proposed in [7, 8] .
In this paper we propose a novel collaborative demand side management method for optimizing energy consumption and cost within a community of residential households. We consider a community of households. Some residences own RESs in conjunction with ESSs. Some other residences own ESSs only. The remaining households are pure energy consumers. The households are connected to a centralized energy management unit that controls the energy flow within the community through a two-way communication system and performs the cost optimization method proposed in this paper. We assume that the residences are equipped with smart energy meters that can predict the energy consumption as well as the renewable energy production with sufficient accuracy over e limited time period ahead.
The contributions of this paper are the following: We formulate two cost minimization problems for demand side management. First we introduce a method through which the RESs and ESSs owners may individually optimize their costs by using their own renewable energy production and storage spaces. Then we propose a novel collaborative cost optimization method. The objective is to reduce energy cost collaboratively by taking advantage of RESs and ESSs resources within the community of participating households. The novelty of this work stands in the unique problem formulation in which the RESs and ESSs owning households minimize their cost by sharing their renewable energy production and storage spaces and also by selling excess renewable energy and demand response services to pure energy consumers at a lower price than the utility company. The pure consuming households also reduce their costs by buying part of their needed electricity at a lower price than that offered by the utility company. In case of insufficient renewable energy production within the smart grid community, the households may buy energy from the utility company.
We perform extensive simulations through which we test the performance of the proposed method for different amounts of renewable energy available within the community. The results demonstrate that the proposed collaborative cost minimization approach provides significant savings in energy cost. Our simulation examples show a cost reduction of 12 to 50% for the RESs and ESS owning households in comparison with performing individual optimization. The pure energy consumers also reduce their costs by about 7-8% in comparison with buying all the needed energy from the utility company.
SYSTEM MODEL
We consider a community of N households forming a set N indexed by n. The subset of households owning RESs and ESSs, or own ESSs only is denoted by M, M ⊆ N , with cardinality |M| = M and indexed by m. The remaining households from the community are pure energy consumers. This set of residences is denoted by P, P = N \M, |P| = P , and indexed by p. The energy cost optimization is performed over a finite time horizon T which is divided into equally long time slots indexed by t, T = [t, t=1,. . ., T ]. The per-time-slot electricity demands of each household in the community is known for the whole period T : un= [un(t), t=1,. . ., T ], n ∈ N . The set of renewable energy amounts produced by the households m ∈ M are considered predicted with sufficient accuracy and known over period T : wm = [wm(t), t=1,. . ., T ]. For those households from set M that own ESSs only, the renewable energy vector is zero: wm = 0. The set of energy amounts that a household n ∈ N may exchange with the rest of households from the community within period T is denoted by an = [an(t), t=1,. . ., T ]. If an(t) > 0 then household n provides this amount of energy to the rest of the households in the community, while if an(t) < 0 then household n receives this amount of energy from the other members of the community. The set of energy amounts that a household n ∈ N may buy from the utility company in period T is denoted by bn = [bn(t), t=1,. . ., T ].
The parameters associated with each ESSm are defined as follows. The per-time-slot amounts of energy charged or discharged from a ESSm in period T are denoted by rm = [rm(t), t=1,. . ., T ]. If rm(t) > 0 then energy is charged into ESSm, while if rm(t) < 0 then energy is being discharged from ESSm in time-slot t. The amount of energy charged or discharged from storage in a time slot is limited by the charging/discharging rate ρm. The leakage factor of a storage is denoted by ηm. This parameter shows the proportion of the stored energy that the storage is losing within a time slot and has values between 0 and 1, typically ηm 1. Let sm = [sm(t), t= 1,. . ., T ] be the energy storage vector containing the total amounts of energy stored in an ESSm at the end of each time slot. The maximum storing capacity of an ESSm is denoted by Cm.
The utility company offers customers possibility of buying electricity at market-exchange prices. These prices are given ahead for the entire period T : ξ = [ξ(t), t = 1,. . ., T ]. The set of prices corresponding to the energy sold by the households owning RESs and ESSs to the pure energy consumers is defined by λ = [λ(t), t = 1,. . . ,T ]. These prices are lower than the per-time-slot prices offered by the utility prices: λ(t) = αξ(t), where 0 ≤ α ≤ 1. Other pricing data used in the proposed method is the following: π is the storage degradation price corresponding to charging/discharging one unit of energy from an ESS, τ is the price charged per unit of energy transferred among households and µ is a penalty price per unit of excessive renewable energy that may not be stored.
COST OPTIMIZATION PROBLEMS
In this section the proposed cost optimization problems are defined. First we formulate a cost minimization problem which can be implemented by each household m ∈ M individually, using only their own renewable resources and/or storage spaces. Then, we formulate the collaborative cost minimization problem in which the RESs and ESSs owners reduce their costs by exchanging energy and sharing their produced renewable energy and storage spaces, but also by selling energy to the simple energy consuming households.
Individual cost optimization
The problem for minimizing the cost of electricity consumed within period T by a single household m ∈ M is stated as follows:
such that the following constraints are satisfied:
The first term of the objective function, T t=1 ξ(t)bm(t), represents the cost of electricity purchased from the utility company. The second term of the objective function, π T t=1 |rm(t)|, represents the storage degradation cost, i.e. the cost corresponding to the degradation suffered by an ESS through charging/discharging energy during period T . The last term of the objective function represents a penalty term: µ T t=1 [bm(t)+wm(t)−um(t)−rm(t)]. This term works in conjunction with the energy consumption constraint (2) and makes sure that the produced renewable energy which exceeds the demand in period T is stored and kept in storage to be consumed within next period.
The constraint in (1) states the fact that the energy purchased from the utility company can only have positive or zero values. The inequation in (2) shows the energy consumption constraint: in a time-slot t the electricity demand of a household, um(t), must be fulfilled by the available renewable energy, wm(t), the energy purchased from the grid, bm(t), and by energy from in the storage, rm(t). The three remaining constraints (3)- (5) show the energy storage constraints. The amount of energy charged or discharged from storage in a time slot, rm(t), is bounded by the charging/discharging rate ρm, (3). The charging dynamics of an ESSm is defined in (4). Here, sm(0) is the initial storage value, or amount of energy remained in storage at the end of the previous optimization period. The amount of energy stored in an ESSm at any time-slot must obey the storage capacity constraint (5).
The collaborative cost optimization
The collaborative cost optimization problem can be formulated as follows:
T t=1 up(t)ξ(t), ∀ p ∈ P, um(t)−wm(t)−bm(t)+rm(t)+am(t) ≤ 0, ∀t ∈ T , ∀m ∈ M, (10)
Just like in the case of the individual cost optimization problem, in this problem the first two terms of the objective function, i.e. [bm(t) + wm(t) − um(t) − am(t) − rm(t)]. This penalty works in corroboration with constraint (10) and ensures that the produced renewable energy is either consumed, or transferred to the storage.
In the case of the collaborative cost optimization problem the constraints (6), (11)-(12) have same meaning as constraints (1), (3)-(5) from the individual optimization problem, i.e. the utility company energy consumption constraint and the energy storage constraints. Constraints (8) and (10) are energy consumption constraints. Constraint (8) is the energy consumption constraint for the simple energy consumers which can fulfill their demands, up(t), by buying energy from the utility company, bp(t), or from the RESs and ESSs owning households in the community, ap(t). This imposes also constraint (7), which shows that households from set P can only receive energy from other members of the community. Constraint (10) is the energy consumption constraint for the RESs and ESSs owners which is similar to constraint (2), but also contains the variable am(t) which shows the amount of energy to be exchanged with other residences. Additionally, we have constraint (9) which shows that the cost paid by a sole energy consuming household that participates in the optimization should be less than the cost that the household would pay by purchasing all needed electricity from the utility company. Finally, constraint (14) makes sure that in a time slot, the total amount of energy given away by some households is equal to the total amount of energy received by the rest of households from the community.
SIMULATION RESULTS
In this section we present simulation results that show the cost savings obtained by the proposed method. We considered a smart community of N = 9 households. The set M has 6 households: M = {m1, m1, . . . m6}. 3 households from this set, {m1, m2, m3}, own RESs and ESSs, while the other 3 households, {m4, m5, m6}, own ESSs only. The remaining |P|=3 households in the community are plain energy consumers: P = {p1, p2, p3}. In these simulations we considered equal ESSm capacities, Cm=10kWh, and equal charging/discharging rates, ρm= 3kWh. The storage loss factor was assumed ηm = 0.001, ∀m ∈ M. We perform simulations over periods T of length T=24 hours divided into hourly time slots. The utility company prices, ξ, are true market exchange prices taken from Finnish Nord Pool Spot database [9] for May 2013. Other pricing data used in simulations is the following: π=0.0001 e, µ=0.001 e, τ =0.0001 e. In this simulations we chose the prices of energy sold by the RESs and ESSs owners to the sole energy consumers to be λ = αξ, α = 0.9, i.e. the sole consumers get a 10% discount compared to the utility company prices.
In this paper we show simulation results of the proposed method over 31 days. We assumed empty storage, sm(0)=0, ∀m ∈ M, at the beginning of the first 24-hours optimization period. Further, each method updated its corresponding initial storage values with the storage levels resulted at the end of the previous period sm(0) = sm(24). For simulating the 24-hours electricity demands of the households, un, we used the load modeling framework in [10] . We assumed the following numbers of inhabitants for the households: {3, 4, 4, 2, 5, 4, 3, 4, 2}. We considered that the households were equipped with wind turbines. For approximating the power generated by a wind turbine we used the following mathematical model [11] : Pw = (1/2)DKpAV 3 , where D is the air density, Kp=0.3 is the turbine power coefficient, A is the swept area, A = 3.14R 2 ,R = 2.63m, and V is the wind speed. For this, we used weather data for May 2013 in Helsinki region [12] .
The objective functions and constraints of the formulated optimization problems possess linear relationships among the variables. Hence, the optimization problems are in a form of linear programs. The solutions of the optimization problems can be found using algorithms such as the interior point method [13] . For solving the linear programs we used the CVX package for convex optimization [14] . Fig. 1 (a)-(d) shows an example of 24-hours input data and results of the collaborative optimization problem. We used the pricing and weather data for May 21. Fig. 1.(a) shows the electricity prices, ξ, in e/kW h. Fig. 1.(b) shows individual and cumulated hourly electricity demands of the households that own RESs and ESSs. Fig.  1.(c) shows the individual and cumulated renewable energy production of households that own RESs. Fig. 1.(d) shows the individual and cumulated hourly profiles of the ESSs, i.e how much energy is stored in the energy storage at the end of each hour. Fig. 1.(e) shows the amounts of energy exchanged during each hour by all households in the community. The bars above zero show the amounts of energy that are provided by some households, whereas the bars below zero show the amounts of energy that are being received by the other households. In this example it can be observed that in most cases the households which produce renewable energy provide energy to those households that own ESSs only and to the sole energy consuming households in the network. Fig. 1.(f) shows the amounts of energy purchased from the power grid by those households that own RESs and ESSs. The houses buy electricity from the utility company during the hours of a day when prices are usually low. Fig. 2 (a)-(d) show the daily aggregate cost savings and the 31-days cumulative costs obtained by the formulated optimization method. We tested the performance of the proposed method for different renewable energy production values. Using the hourly renewable energy production values obtained with the model presented above, 500 samples were generated by adding a Gaussian random variation to these values. We then selected the maximum and minimum values among the generated samples. Hence, we 2 ), l = 1, . . . , 500}, t = 1, . . . , T ]. Here N denotes the Gaussian distribution with mean wm(t) and variance σ 2 =0.05. Fig. 2(a) shows the daily aggregate cost savings obtained by the RESs and ESSs owning households through participating in the proposed collaborative optimization in comparison to performing the individual cost optimization. The RESs and ESSs owning households obtain cost savings in majority of the days of the month. It can be observed that the cost savings are more significant for higher amounts of renewable energy. It can also be observed that in few days of the month the collaborative optimization does not perform better than the individual optimization. Fig.  2(b) shows the aggregate cost savings of the pure energy consuming households as result of the optimization, by buying energy from the RESs and ESSs owners at a lower price than the one offered by the utility company. These households obtain costs savings every day of the month. Fig. 2(c) shows a comparative plot between 31-days cumulative electricity costs of the households owning RESs and ESSs in four cases: the cumulative total individual optimization costs for higher amounts of renewable energy (23.52 e), the cumulative collaborative optimization costs for higher amounts of renewable energy (12.24e), the cumulative total individual optimization costs for lesser amounts of renewable energy (33.43 e) and the cumulative collaborative optimization costs for lesser amounts of renewable energy (29.31e). In case of simulations with higher amounts of renewable energy, the proposed collaborative optimization obtains an overall cost reduction up to 50% in comparison to the individual cost optimization. In case of simulations with lesser amounts of renewable energy the cost reduction of the collaborative optimization is about 12% in comparison to the individual optimization. Fig. 2(d) shows a similar comparative plot for the cumulative costs of the pure consuming households. This plot includes the 31-days cumulative costs of buying all needed energy from the utility company (31.32e) in comparison with the cumulative costs obtained by participating in the collaborative optimization for simulations with higher amounts of renewable energy (28.74e) and simulations with lesser amounts of renewable energy (29.16e). The cost reduction obtained by the pure energy consumers in the collaborative scenario about 7-8%.
CONCLUSIONS
In this paper we proposed a novel collaborative demand side management method for optimizing energy consumption and cost within a community of residential households. In this work we formulated two cost minimization problems. We first formulated an individual optimization problem in which the RESs and ESSs owning households from the community could individually optimize their costs. We then proposed a collaborative cost optimization model through which the RESs and ESSs owners minimize their costs by exchanging energy, sharing their renewable energy and storage units and also by selling electricity to the pure consuming households in the community at a price lowe than that offered by the utility company. The pure consumers also reduce their costs. The problems were modeled as linear programs. We performed simulations for different amounts of renewable energy available within the community. The results showed that the proposed collaborative optimization reduces the cost of the RESs and ESSs owning households by a value between 12% to 50% in comparison to the individual optimization case. The sole energy consuming households may also reduce their electricity costs by about 7-8%.
